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INTRODUCTION

RESULTS AND DISCUSSION

Background: Fossil fuels are a major contributor to climate change and ocean acidification due to their CO₂ emissions. Converting CO₂ 

into value-added products (Fig. 1) supports both carbon neutrality goals and the development of a circular carbon economy. Among the 

available pathways, the catalytic hydrogenation of CO₂ to CH₃OH over supported metal catalysts is particularly attractive, as methanol is 

both a versatile energy carrier and an important industrial feedstock.

Motivation: Current CO₂ hydrogenation-to-methanol studies report CO₂ conversions and CH₃OH selectivities that remain below their 

theoretical limits and often lack sufficient mechanistic insight. Advanced machine-learning (ML) approaches can accelerate catalyst and 

process optimization by enabling both performance prediction and improved understanding of the factors governing catalytic activity.

Thus, our work aim to provide a comprehensive ML-assisted analysis of metal support-effect for CO2 hydrogenation to CH3OH.

METHODOLOGY

Curation of a comprehensive % CO2 conversion and  % CH3OH dataset  of metal catalyst and supports from 31 peer-reviewed articles with 437 experimental cases of CO2 hydrogenation to 

CH3OH. Training of two separate ML models, one targeting CO2 conversion, the other CH3OH selectivity for chemical interpretability of metal-support effects for the conversion process.

CONCLUSION

ML training with % CO2 conversion data  results ML training with CH3OH selectivity data  results

Catalyst support is as critical as the metallic active phase in determining 

performance. Merging of data science in chemically interpretation of 

heterogeneous catalysis  for CH3OH synthesis from CO2 is beneficial  in  

understanding the metal-support effects for the for the conversion process.
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Figure 1. Possible CO2 conversion product via thermal catalysis, reaction 

conditions and active metal examples. (readapted:  Murthy et al 2021)
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Cu catalysts: Most widely studied, moderate conversion and high 

selectivity. Alternative metals i.e. Ce, La, or Pr: Higher average %CO2 

conversion. Intermetallic combination of Cu with  Zn, Zr, In, Pd, or Ru: 

Enhanced methanol selectivity.   

ZnO- and ZrO2- supports: High conversion and 

high selectivity.

Al2O3 and carbon-support: Intermediate to low 

performance. 
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